This study intends to find out whether or not the Nikkei 225 evolves over time in accordance with the following four widely used processes for determining stock prices: random walk with a drift, AR(1), GARCH(1,1), and GARCH(1,1)-M. Given the fact that, in actuality, we have but one sample of time series data, the motivation of this study is to make use of the bootstrap technology to deal with this one-sample problem. Specifically, we use the bootstrap technique to generate 2,000 artificial Nikkei series from each process and compute the return from the trading rule for each of the 2,000 artificial Nikkei series. Then, we construct a 95% bootstrap percentile interval with these 2,000 returns and determine if it contains the return computed from the actual Nikkei series. If it does, we claim that returns from the artificial Nikkei series are in agreement with those from the actual Nikkei series. Our results show that, of the four processes, GARCH(1,1)-M generates returns that are most agreeable with those computed from the actual Nikkei series. An important implication of this study is that a proper model for pricing Nikkei-related derivatives is one that uses the GARCH(1,1)-M process to depict the dynamics of the Nikkei return series.
I. Introduction
Over the years, the Japanese stock market has been consistently classified as a developed market by FTSE Group's list, MSCI list, Dow Jones list, Russell Global list, the International Finance Corporation, and the Global Stock Markets Factbook. As a matter of fact, the Japanese stock market has undergone a series of reforms since the 1990s. In particular, in November 1996, Prime Minister Ryutaro Hashimoto initiated a comprehensive reform package, often referred to as the Japanese Big Bang 1 , with the objective of creating a "free, fair, and global" financial market. According to the prime minister, "free" means creating a market in which market principles prevail; "fair" means enhancing the fairness and transparency of the market through clearly defined accounting and supervisory rules; and "global" means reforming the market in line with international standards. Thanks to the reforms implemented during the 1990s, many studies (e.g., Cajueiro and Tabak, 2004; Worthington and Higgs, 2006; Lim, 2007; Chong and Chan, 2008) have provided empirical evidence that the Japanese stock market has become more efficient.
The above said, it is important to study how the Japanese stock market -one of the largest markets in the world in terms of trading volume and market capitalization -evolved before and after those financial reforms were implemented in the 1990s. Specifically, this study aims to find out whether or not the Nikkei 225 (henceforth referred to as the Nikkei), the benchmark indicator of the Japanese stock market, evolves over time in accordance with some widely used random processes for stock prices. Accordingly, by means of a simple moving average trading rule, we employ the bootstrap method of Efron (1979 Efron ( , 1982 to investigate how closely returns from the Nikkei are in agreement with returns generated from the following four widely used random processes for stock prices: a random walk with a drift RW(α )), an autoregressive process of order one (AR(1)), and two generalized autoregressive conditional heteroscedastic models -(GARCH(1,1) and GARCH(1,1)-M). Given the importance of the Nikkei, the implication of this study is that, for participants (e.g., investors, speculators, and hedgers) in the Japanese stock market, a better knowledge of the dynamics of the index is crucial for appropriately managing stock market risk and correctly pricing Nikkei-related derivatives 2 . However, for time series data, we are constrained by the fact that we have only one historical sample. Hence, it is hardly surprising that previous empirical findings 3 based on different 1 One major focus of the Japanese Big Bang reform was on institutional changes. These changes included the following two broad areas: (1) Improving the efficiency and competitiveness of domestic financial institutions (e.g., foreign financial companies were allowed to operate more freely in Japan); and (2) Abolishing monopoly powers previously enjoyed by domestic banks, securities companies, and insurance firms (e.g., domestic and foreign financial institutions would compete on an equal footing for Japan's multi-trillion pension fund business). For details, see Craig (1998) and Hall (1998) .
2 Some Nikkei-related derivatives include the Nikkei 225 index options traded on the Osaka Securities Exchange and the Singapore Exchange, and the Nikkei 225 warrants traded on the American and Toronto Stock Exchanges.
3 For example, Alexander (1961 Alexander ( , 1964 , Jensen and Benington (1970) , Bollerslev (1986) , Engle, et al. (1987 ), French, et al. (1987 , Chou (1988) , Kaul (1988, 1989) , Bollerslev, et al. (1992) , and Tsay (2005) . jei time series data are, to a certain extent, divided on asset price dynamics. Accordingly, the motivation of this study is to make use of bootstrap technology to deal with this "one sample" problem. Simply put, in the context of this study, the bootstrap enables us to generate at random a large number of samples (2,000 samples in this study) through replacement with each of the above four random processes such that each of these so-called bootstrap samples (i.e., artificial Nikkei series) will possess the same statistical properties as the actual Nikkei series. Using these 2,000 artificial Nikkei series for constructing a 95% bootstrap percentile interval, we can investigate how closely returns from the actual Nikkei series match returns generated from each of the four processes.
The logic of our bootstrap implementation can better be understood from another perspective. Suppose the Nikkei literally evolves through time according to, say, a random walk with a drift (i.e., RW(α )). Then, the actual Nikkei series is simply a sample drawn from this RW(α ) process. Hence, it is highly likely that the return computed from this actual Nikkei series will fall within the 95% bootstrap percentile interval constructed using the 2,000 returns generated from this RW(α ) process.
The rest of the paper proceeds as follows: Section II describes the Nikkei price series and gives a description of the simple moving average trading rule. Section III describes our bootstrap method, presents reasons for using the four return-generating processes, and uses an illustration to show how to implement our bootstrap by which artificial Nikkei price series are generated for each of the four processes. In Section IV, we present and discuss our empirical results. In Section V, we conclude this study and outline the implications of this research.
II. Data and Simple Moving Average Trading Rule

A. The Nikkei Data Series
The data used are daily closing prices of the Nikkei (see Figure 1 ) from January 1, 1971, to December 31, 2010 -a total of 10,436 observations. They were retrieved from the DataStream database. Since no major financial reform was implemented in Japan before the 1990s, we partition the entire sample period into two equal sub-periods 4 : 1971-1990 and 1991-2010 . We compute the daily return as the natural log difference of the Nikkei prices. That is,
( 1 ) 4 The 1971-1990 sub-period is the time when the Japanese stock market moved forward at full speed; the 1991-2010 sub-period is the time which is often referred to as the two lost decades of Japan.
where 1 − t P and t P are the closing prices of the Nikkei on day t-1 and day t, and t R is the return for the time from day t-1 to day t.
In an efficient market, security returns are independent of one another over time because new information comes to the market in a random and unpredictable manner, and security prices respond instantly and accurately to this new information. Hence, the magnitude of the autocorrelation in security returns can offer some clues as to the efficiency of the market. Simply put, autocorrelation should be insignificant if the market is efficient. From Table 1 , we note that the daily autocorrelation for [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] is statistically significant at the 1% level at lags 1, 2, 3, and 5, whereas that for 1991-2010 is statistically significant at the 1% level only at lag 1. In other words, for the earlier sub-period, the return on day t is likely to depend on returns on days t-1, t-2, t-3, and t-5; whereas for the later sub-period, the return on day t is likely to depend only on the return on day t-1. Hence, the autocorrelations provide a rough indication that the Japanese stock market displayed relatively greater efficiency for the 1991-2010 sub-period.
B. The Trading Rule
The trading rule used in this study is the Simple Moving Average 5 (SMA). The n-day Moving Average (MA) on day t is
where k P is the closing price of the Nikkei on day k. According to SMA rules, a buy signal is generated when the closing price rises above the nday MA and a sell signal is generated when the closing price falls below the n-day MA. That is, an investor would take a long position in the Nikkei when a buy signal is generated and, conversely, a short position in the Nikkei when a sell signal is generated. When a signal is generated, SMA rules require that the position be maintained until the closing price penetrates the nday MA again. A commonly used SMA rule is 1-100, where the MA is 100 days. In this study, we use the following SMA rules: (1, 20), (1, 50), (1, 100), and (1, 200). Each rule is evaluated with bands of 0% and 1%, making a total of eight SMA rules. A band is used to reduce the number of times an investor would have to move into and out of the market. For example, Brock et al. (1992) , Bessembinder and Chan (1998), and Siegel (2002) all use a 1% band for their SMA rules. 
III. Bootstrap Implementation
In this section, we first give a simple description of the bootstrap method 6 customized for this study; then, we point out why it is justifiable to use the four random processes for generating artificial Nikkei series; and finally, we make use of an illustration to show how to implement our bootstrap by which artificial Nikkei price series are generated for each of the four processes.
A. The Bootstrap Method
For our bootstrap implementation, we apply each of the four random processes to the actual Nikkei return series to obtain their respective estimated parameters (e.g., α in RW(α )) and residuals. The residuals are then redrawn with replacement to form a scrambled residual series which is then used with the estimated parameters to generate artificial Nikkei return series such that each of these so-called bootstrap samples (i.e., artificial Nikkei series) will possess the same statistical properties as the actual Nikkei series. In this study, the relevant statistic is the return from the 2000SMA trading rule computed from the Nikkei seriesseries. Specifically, we use the bootstrap to generate 2,000 artificial Nikkei series 7 from each of the four processes and compute the return from the SMA trading rule for each of these 2,000 artificial Nikkei series. Then, following on from Efron and Tibshirani (1993) , we construct a 95% bootstrap percentile interval with these 2,000 returns. If the return from the SMA rule computed from the actual Nikkei series falls within this 95% percentile interval, then we claim that this return agrees with those generated from the artificial Nikkei series and, furthermore, infer that the actual Nikkei series is in agreement with those artificial Nikkei series generated for a given random process. In other words, the actual Nikkei series is like a sample drawn from this process.
B. The Four Return-Generating Processes
The four random processes 8 for generating artificial Nikkei return series are as follows:
6 See Efron and Tibshirani (1993) for details. 7 According to Efron and Tibshirani (1993) , 2,000 artificial Nikkei series are more than enough for estimation accuracy purposes. 8 Alternatively, we can write the four processes in a compact form as , and
R is the return on day t, t ε is normally distributed and serially uncorrelated, t z is normally 10 distributed with zero mean and unit variance, and 2 t σ is a linear function of the square of the last period's error (i.e., 1 − t ε ) and of the last period's conditional variance (i.e., 2 1 − t σ ). Note that if β in equation (6) is positive and statistically significant, then increased risk (as measured by an increase in the conditional variance 2 t σ ) results in an increase in return t R . Hence, β can be regarded as the amount of risk. We choose the four random processes because they have been found by numerous studies to best characterize the dynamics of asset/stock returns. These four encompass a wide range of random processes commonly used for asset/stock returns. At this juncture, some related references are in order. For the RW(α ) process, Fama (1995) claims that "the empirical evidence to date provides strong support for the random walk model." For the AR(1) process 11 , Conrad and Kaul (1989) show that a first-order autocorrelation of 0.20 is found for a value-weighted portfolio of the largest companies over the 1962-1985 period, and that higher order autocorrelation beyond a lag of one day is basically zero. For the GARCH (1,1) process, Brooks (2008) states that "in general a GARCH(1,1) model will be sufficient to capture the volatility clustering in the data, and rarely is any higher order model estimated or even entertained in the academic finance literature." For the GARCH(1,1)-M process, Chou (1988) fits such a process to the weekly returns of the NYSE value-weighted index over the 1962-1985 period and finds the existence of changing equity premiums. For details, see Alexander (1961 Alexander ( , 1964 , Fama (1965 Fama ( , 1970 Fama ( , 1995 , and Jensen and Benington (1970) for random walks; Kaul (1988, 1989) and Tsay (2005) for the AR(1) process; and Bollerslev (1986), Engle et al. (1987) , French et al. (1987) , Chou (1988) , Bollerslev et al. (1992), and Brook (2008) for the two GARCH processes.
C. An Illustration
As an illustration, we use an AR(1) process to demonstrate how to implement our bootstrap by taking the following steps. (i) Based on the actual Nikkei return series, we estimate the two parameters in equation (4) using the ordinary least squares method and obtain the 9 The GARCH(1,1)-M process can also be expressed in such a form that the conditional mean is linear in the conditional standard deviation t σ rather than in the conditional variance ,..., , ) for sell computed respectively from 2,000 artificial AR(1) Nikkei price series.
Following Efron and Tibshirani (1993) , we construct a 95% bootstrap percentile interval such that the 2.5th percentile and 97.5th percentile of the 2,000 daily returns (for buy and for sell) computed from artificial Nikkei price series are, respectively, the lower and upper limits for the interval. Specifically, arranging the 2,000 daily returns in ascending order such that 
IV. Empirical Results
We use the ordinary least squares method to estimate the parameters of the RW(α) and AR(1) processes, and the maximum likelihood method to estimate the parameters of the GARCH(1,1) and GARCH(1,1)-M processes. Table 2 presents the parameter estimates for the four processes over the two sub-periods. The parameters are estimated using the RATS econometric package. Table 3 shows the daily returns from the eight SMA rules based on actual Nikkei price series. For 1971 For -1990 , each of the eight rules results in a positive daily return for buy and a negative daily return for sell, suggesting that the market tended to move upward over this sub-period. For 1991-2010, each of the eight rules results in a daily return for buy smaller than that for sell, implying that the market tended to move downward over this sub-period. In the following sections, we will determine if the daily returns from the eight SMA rules in Table 3 computed from the actual Nikkei price series lie within their respective 95% bootstrap percentile intervals under each of the four processes.
In Tables 4-7 , for each of the eight SMA rules, "Mean" is the average value of the 2,000
12 That is, R " denote the 2.5th and 97.5th percentiles of the 2,000 daily returns for buy and for sell. For example, considering the (1, 20, 0%) rule for buy in the first three rows of Table 4 , 0.000173 is the average value of the 2,000 daily returns, and -0.000039 and 0.000404 are the 2.5th and 97.5th percentiles of the 2,000 daily returns. That is, [-0.000039, 0 .000404] is a 95% bootstrap confidence interval. For visual clarity, those 95% intervals are shaded if the daily returns in Table 3 computed from the actual Nikkei price series lie within their respective intervals. Table 4 shows the daily returns from the eight SMA rules based on the artificial Nikkei price series generated from the random walk process for the two sub-periods. For 1971 For -1990 , none of the eight SMA rules for buy results in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals; but three of the eight SMA rules for sell result in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. That is, the (1, 20, 0%), (1, 50, 0%), and (1, 100, 0%) rules for sell result in the daily returns of -0.000217, -0.000117, and -0.000068 (see Table 3 In comparison, daily returns computed from the actual Nikkei series appear more likely to have been generated from the RW(α ) process for the 1991-2010 sub-period than for the 1971-1990 sub-period. Given the fact that the Japanese stock market has become more efficient (see Section I) after a series of financial reforms were implemented during the 1990s, it is no surprise that the Nikkei evolved over the second sub-period as if it were a sample likely drawn from the RW(α ) process.
A. Results based on Artificial RW(α ) Nikkei Series
B. Results based on Artificial AR(1) Nikkei Series
The AR(1) process is used to detect whether the results from the SMA rules are caused by daily autocorrelations in the series. If the returns are positively auto-correlated, a higher (lower) return today will tend to be followed by a higher (lower) return on the following day; if the returns are negatively autocorrelated, a higher (lower) return today will tend to be followed by a lower (higher) return on the following day. The parameter estimates for the AR(1) process in Table 2 jei Table 5 shows the daily returns from the eight SMA rules based on the artificial Nikkei price series generated from the AR(1) process for the two sub-periods. For 1971 For -1990 , four SMA rules for buy and seven SMA rules for sell result in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. For 1991-2010, none of the eight SMA rules for both buy and sell results in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. In comparison, daily returns computed from the actual Nikkei series appear more likely to have been generated from the AR(1) process for the 1971-1990 sub-period than for the 1991-2010 sub-period. Given the fact that the stock market has become more efficient as a result of the reforms implemented since the 1990s, it is not surprising that the dynamics of the Nikkei exhibited no obvious sign of autocorrelation over the second sub-period.
C. Results based on Artificial GARCH(1,1) Nikkei Series
The GARCH(1,1) process allows the conditional variance to be dependent on one previous variance and one lagged squared error. Table 6 shows the daily returns from the eight SMA rules based on the artificial Nikkei price series generated from the GARCH(1,1) process. For 1971-1990, two SMA rules for buy and six SMA rules for sell result in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. For 1991-2010, only one SMA rule for buy but three SMA rules for sell result in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. In comparison, daily returns computed from the actual Nikkei series appear more likely to have been generated from the GARCH(1,1) process for the first sub-period than for the second sub-period.
D. Results based on Artificial GARCH(1,1)-M Nikkei Series
Finance theory claims that investors should be rewarded a higher return for bearing additional risk. The GARCH(1,1)-M process is designed to model such a phenomenon, where the conditional variance of asset returns is included in the return equation (see equation (6)). Table  7 shows the daily returns from the eight SMA rules based on the artificial Nikkei price series generated from the GARCH(1,1)-M process. For 1971 For -1990 , five SMA rules for buy and all eight SMA rules for sell result in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. For 1991-2010, four SMA rules for buy and six SMA rules for sell result in the daily returns computed from the actual Nikkei series lying within their respective 95% intervals. Of the four random processes, the GARCH(1,1)-M process appears to have generated daily returns that are most likely in agreement with those from the actual Nikkei series.
V. Conclusion and Implication
This study aims to find out whether or not returns from the Nikkei are agreeable with those generated from four widely used random processes for stock prices. Given the fact that we have only one sample of any time series data, the motivation of this study is to use the bootstrap to deal with this one-sample problem To proceed, we use the bootstrap to generate 2,000 artificial Nikkei series for each process and compute the return from the SMA trading rule for each of these 2,000 artificial Nikkei series. Then, we set up a 95% bootstrap percentile interval with these 2,000 returns and determine if the interval contains the return computed from the actual Nikkei series. If it does, we claim that this return agrees with those generated from the artificial Nikkei series and, moreover, we infer that the actual Nikkei series is in agreement with those artificial Nikkei series generated for a given process. Our empirical results indicate that, of the four random processes, GARCH(1,1)-M generates returns that are most agreeable with those computed from the actual Nikkei series.
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